Cost is the governing factor which defines the penetration and adoption of mobile phones in lower strata (lower income group) of the society particularly in developing countries like India. In this paper we describe an enhancement to the mobile phone design which interacts with the user to facilitate cost-conscious usage of the mobile phone. In particular, we propose an intelligent component in the mobile phone which tracks mobile usage pattern and informs the user of deviations in usage and suggests means of using the device cost effectively.
INTRODUCTION
Developing countries like India, China are noticing an increasing trend in the usage of mobile phones. One of the factors driving this growth is the penetration of mobile phones in the lower income groups [1] . Penetration of mobile phones to the lower strata of the society has been shown to be desirable for economic development [5] , in addition to closing the rich-poor divide in accessibility to the information and communication infrastructure. Reduced cost of ownership and attractive tariff plans have appealed the people in lower strata to adopt the mobile phone. Despite this, cost is still perceived to be an important deterrent in the widespread usage of the mobile phone in this section of society [2, 3] . Our previous study has indicated that people in this group who own mobile phones tend to use it minimally to keep cost in control and find ways of achieving "cheap-usage" of the mobile phone [4] .
Users in lower income groups typically confine to a fixed monthly budget for mobile phone expense and try to keep their usage cost within that amount. They manually analyze their day-to-day expense and rely on their instinct to decide the duration of a call and when to avoid or make calls. Practicing cost check manually is unavoidable for the lower income group; but it is very error-prone and often time leads to overshooting the budget and having to accommodate extra cost in the month.
In this paper, we present techniques to learn from the mobile usage pattern and assist the user in being costconscious thus enabling the mobile device do pro-active cost control. Towards that end, we describe an intelligent component in the mobile phone that analyzes the mobile usage pattern and provides proactive alerts and suggestions to check cost usage and control call durations. This would prevent the user from incurring cost that is not aligned with their allocated budget or spending capacity. In the next section we discuss what constitutes cost effective mobile usage for the lower income group and thereafter present the design for the component that automates the mobile usage cost control.
COST EFFECTIVE MOBILE USAGE
The lower income groups in developing countries like India and China live on a very low income ranging from 1-2$ per day in the rural areas and 5-6$ per day in the urban areas. The mobile usage cost typically is in the range of 3-15$ per month [4] which is a significant fraction of the income (that is left after all the living costs). We did a study of usage cost optimizations practiced by people in the lower income group by talking to a group of 20-30 people in the said category in the city of Bangalore in India. We found that they optimize usage costs using the following methods:
• Many mobile service providers provide various features that could be optimized on. Certain features provided by Indian providers include free calls to customers of the same provider, reduced rates for calls to friends and family etc. It is very common for the entire family and the close circle of friends to use connections from the same service provider to leverage those offers.
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• Cheap alternatives are often chosen rather than actually making a phone call. Such alternatives include sending an SMS (which is usually cheaper) or making a missed-call to convey agreed-upon Boolean information.
• Manually keeping track of the mobile usage cost incurred, and making sure that calls are scheduled, made and disconnected at such times so that the usage cost is held within the budget.
The focus of this paper is on the third aspect. We directed the user survey on identifying what efforts are being undertaken manually to optimize mobile usage cost and to derive insights to decide on how an intelligent learning component that seeks to automate the manual process should work. The survey led to two interesting findings which could be enumerated as follows:
• Most mobile users in the lower income group have a regular and a largely predictable schedule at home and at workplace. This reflects in their mobile usage too, in that they usually make predecided calls and messages and the recipients (of the call or message) are similar sets of people across days. This leads to a strong pattern of cost incurring mobile usage activities that recurs (mostly) on a daily basis for most people, although certain people have different patterns for workdays and weekends.
• The manual task of restricting mobile usage cost to fall within the budget is done on a best-effort basis and they end up overshooting the budget very frequently as the manual process is very error prone and hard to manage.
Drawing cues from these observations, we present a learning component in the next section that relies on the patterns of mobile usage and proactively gives suggestions on scheduling activities and deciding durations of activities. It may be noted that this component is not specific to the lower income group, but would benefit any mobile user who follows a regular usage pattern and would like to automate usage cost control.
AUTOMATING USAGE COST CONTROL
In this section, we describe our approach of automating mobile usage cost control in cases where the user follows a recurring pattern of mobile usage. The approach uses two modules; a "discovery module" that discovers the pattern and a "suggestion generator module" which gives proactive suggestions to aid cost control.
Patterns in Mobile Usage
A pattern is a set (unordered) of types of cost incurring mobile usage activities (referred to as simply calls hereafter), each type tagged with a frequency of occurrence. There would also be a duration associated with the pattern (which could be day, week etc). A usage log is said to contain a pattern if the set of entries corresponding to each duration instance (day, week etc) corresponds to the frequencies as in the pattern. It may be noted that there is no ordering assumed in a pattern. An algorithm for pattern discovery would have to be tolerant to random fluctuations due to noise. We present such an algorithm in the succeeding section.
Discovering Patterns from Usage Histories
The usage history log is a sequence of entries ordered in time. Each entry in the log includes: type/duration/time of activity and category of recipient (friend, relative, workrelated etc.). Activities that we consider here are costincurring ones like making outgoing calls and sending short messages (SMS). The usage history log is input to a clustering algorithm which clusters mobile usage activities of similar nature together. A recurring distribution of activities with certain duration across these clusters would identify a mobile usage pattern. Pattern duration is highlydependent on the usage and is very user-specific.
We determine the mobile usage pattern using the algorithm in Figure 1 .
Generating Real-Time Suggestions
The suggestion generator module generates suggestions to enable semi-automatic usage cost control. There are two ways in which the user may deviate from the pattern; either by not making enough calls of a specific type, or by making more calls of a specific type. Cost control being the motive, the suggestion generator needs to generate alerts only if the deviation of the latter kind happens as the former deviation does not result in increased usage cost. For every activity (making a voice call or sending a short message), the suggestion generator module intercepts the request and gives either of the following suggestions:
• Reconsider decision to make the call, CD is the set of candidate durations.
o For each entry cd i in CD, split the log into segments of the duration. Each segment will have a distribution of activities of varied nature along with their frequencies.
o Compute the similarity of these segments by calculating the aggregated entropy of the distribution of each type of activity across the segments. The lesser the entropy, the more uniform is the presence of each activity type across the segments, which in turn implies that the sets are more similar.
Choose the duration which gives the least entropy below a threshold. Output the pattern corresponding to this duration as the average of split logs (bags of nature of activities) which gives the mean distribution of calls.
If for no duration the entropy is below a threshold, report the non-existence of patterns.
Figure 1. Pattern Discovery Algorithm
• Preset the call duration to a suggested duration,
• Use an alternative mechanism than the one attempted (such as "send an SMS instead of making a voice call") OR
• None
The first three are suggestions which would enable restricting the user to his usual pattern. The suggestion generator module uses the algorithm in Figure 2 .
Figure 3. Operation

Operation
After the feature is installed, the discovery component discovers the patterns during the learning phase and seeds the prediction module, which starts predicting after the learning phase elapses as shown in Figure 3 . The discovery component would keep running even after the Learning phase, and provide new patterns to the Suggestion Generator if there is a significant change in the usage pattern over time. The Suggestion Generator would be able to provide meaningful suggestions only after the Learning Phase.
EXPERIMENTS
We collected data from 4 users from the lower income group in and around Bangalore. Further to that, we collected the usage logs of people from the more well-to-do group too. We split the logs into two sets; the training set was fed into the pattern discovery algorithm followed by initiation of the suggestion generator with the test set. Firstly, we evaluate the hypothesis of the existence of a strong usage pattern from the lower income group by running the discovery algorithm. Secondly, as the test set also is expected to follow the same pattern as the training set, the comparison of the suggested durations of calls against the actual durations of the calls made would suggest how effectively the model was adhered to, by means of the suggestions. Thirdly, we evaluate the sensitivity of the suggestion generator to deviations. In a real-world scenario, the effectiveness of the suggestions would be quantified by the amount of cost savings (or the number of budget overshoots avoided) achieved by means of the suggestions generated. We expect that the measures detailed above approximate the on-field effectiveness measure.
Pattern Discovery
We analyzed the logs of both the lower income group and the well-to-do group and found that the daily pattern is much stronger than any pattern of a shorter duration. It may be noted that the discovery module is interested in finding out the smallest duration for which there exists a strong pattern. Further, the lower income group has a much stronger daily pattern than the latter. Table 2 . Pattern Adherence Analysis
Pattern Adherence
To evaluate whether the suggestion generator generates suggestions in tune with the assumed pattern (as is the desirable case), we did an analysis of duration suggestions.
As the test set is also from the same model, the proximity of the suggested duration to the actual duration is a measure of model adherence. We measure the distance as the average number of standard deviations that the suggested duration is When a call is attempted (called the current activity) on the mobile phone:
o Get the history, i.e., list of activities already performed by the user in the current instance of the duration (day, week etc) corresponding to the pattern discovered.
o Compare the current activity and the history against the pattern. Note that the information on current activity would not have the duration since the activity is not yet performed by the user.
o Given the history, if the current activity does not confirm the pattern i.e., performing the current activity would result in a deviation to the pattern (beyond a threshold), report an alert if the user would like to reconsider the decision to perform the activity.
o If the current activity conforms to the pattern, proactively suggest the likely duration of the call so that the adherence to the pattern is maximized.
o If the current activity partially conforms to the pattern, suggest the user with the likely (and possibly cheaper) alternative of the activity that is recorded in the pattern.
Figure 2. Suggestion Generator Algorithm
away, from the actual duration. The lesser the difference, the stronger the pattern adherence. We report the distances for varying amounts of training data for the lower income group in Table 2 . As can be seen, the suggested durations approach the actual ones with sufficient training data.
Deviation Sensitivity Analysis
Although the technique has been found to be effective in suggesting strong adherence to the pattern used, the utility of the technique largely stems from its ability to detect deviations. We evaluate the deviation detection sensitivity of the algorithm by feeding the suggestion generator with two sets of entries; the pure test set of 20 entries and the test set randomly injected with 5 spurious out-of-pattern entries.
As the prediction depends on the past history of calls made (which may include spurious calls if they exist), isolating the effect of spurious entries is non-trivial. The effect of spurious patterns in derailing the suggested durations is a measure of deviation sensitivity. We found that the average distance of suggested durations to the actual durations measured as the number of standard deviations slipped from 0.55 (for the pure test set) to 0.79 with the introduction of spurious entries. This suggests that the suggestion generator is able to detect the deviations from the pattern caused by the introduction of spurious entries.
Implementation Feasibility
A challenge in implementing learning systems on mobile phones is the limited memory and processing power available on the device. In our approach, the discovery module would require 'n' previous entries (this can correspond to a time window) of the usage history log for discovering the patterns. Many mobile devices store fixed number of log entries and multiples of n can be stored dependent on the mobile storage. Further, storage for n can be reduced by having to store only representative samples from the log. For the suggestion generation component, the storage required is just the space required to store the usage pattern and the usage logs so far in the duration instance.
The clustering algorithm is run once in a fixed time window to discover the pattern. Thus it runs once in a regular interval, can be scheduled to run at low-load times and does not require processing in "real-time". The suggestion generation component is the "real-time" component would require comparing an activity with the usage pattern. Since the attributes of a pattern are very limited, the comparison would take trivial power which the current technology in mobile phones could very well accommodate.
CONCLUSIONS AND FUTURE WORK
In recent years, there has been an increasing trend in enabling the mobile device with additional features; especially those features the users would make use of on a daily basis. These include the radio, calculator, games, media player, camera, storage etc. Interface innovations particularly targeting the lower income group include introduction of the flashlight on the mobile device [6, 7] .
Although more and more responsibilities are being delegated to the mobile device, usage cost control, which is the prime concern of the mobile user in the lower income group [2, 3] is still left to the mobile user to perform manually. This work presents a first step towards interface innovations to enable the mobile user to delegate usage cost control tasks to the mobile. We show that an approach which exploits patterns in mobile usage would lead to fairly useful cost control suggestions, ensuring that the user would adhere to his usage pattern so that there would not be frequent overshoots in budget.
Although exploiting patterns in mobile usage is a promising approach to automate mobile usage cost, there could be more kinds of inputs that could enable the automatic cost control component to work better. There could be ways other than pro-active suggestions towards controlling cost. At times, it could well turn out that there is a cheaper alternative to a recurring activity which may have to be pointed out to the user; this would amount to deviating from the model, but for good. Exploring such alternative means of cost control would be an interesting future work towards the broad goal of empowering the mobile device with routine tasks undertaken by people in the lower strata of the society; thereby enabling better mobile penetration.
